When we perform any task, we engage a diverse set of processes. These processes can be optimized with learning. While there exists substantial research that probes specific aspects of learning, there is a scarcity of research regarding interactions between different types of learning. Here, we investigate possible interactions between Perceptual Learning (PL) and Contextual Learning (CL), two types of implicit learning that have garnered much attention in the psychological sciences and that often co-occur in natural settings. PL increases sensitivity to features of task targets and distractors and is thought to involve improvements in low-level perceptual processing. CL regards learning of regularities in the environment (such as spatial relations between objects) and is consistent with improvements in higher level perceptual processes. Surprisingly, we found CL, PL for target features, and PL for distractor features to be independent. This triple dissociation demonstrates how different learning processes may operate in parallel as tasks are mastered.
Introduction
Learning and memory are of fundamental importance to our understanding of brain function. A major challenge to their study is that these are not unitary processes. An example of this can be found in the analysis of how one could learn to hunt and capture an animal (target). Semantic knowledge helps one decide the general location to start the hunt (perhaps one's colleagues mentioned a particularly good forest location). Episodic knowledge may be useful in finding the location where on a previous trip a target was discovered. Procedural knowledge is often used to describe how one learns to conduct the hunt (e.g., move quietly, setup one's gear, etc). However, these broad categories do not capture other aspects of learning that need to take place to successfully spot, track, and capture the target. For instance, one must learn which features in the environment indicate the likely presence or absence of the target; research has shown that this type of Contextual Learning (CL) can occur both quickly (with just a couple of examples) and implicitly (i.e., without subjects being aware of their acquired knowledge; Chun, 2000; Chun & Jiang, 1998) . One must also learn to spot the target when one is looking in the correct location (camouflage can make this very difficult). Research of Perceptual Learning (PL) indicates that improving one's visual discrimination abilities involves refining one's representations of basic stimulus features (such as line orientations and motion directions) and that weeks of training involving many thousands of stimulus presentations can be required to achieve expert performance (Ahissar & Hochstein, 2004; Fahle, 2004; Seitz & Watanabe, 2009) . Our understanding of different learning processes (such as CL and PL) is largely due to clever techniques that researchers have developed to isolate individual learning processes. However, this comes with the cost that a comprehensive approach to learning is rare and little is known regarding the extent to which different components of learning develop and interact together as participants learn to perform a task.
All tasks involve specific contexts and consist of specific features. Accordingly, in all but perhaps the most trivial circumstances, both CL and PL will take place in concert. However, to date, no research has examined how both types of learning arise and interact within the same study. This is a notable problem given recent research showing that the long-touted spatial specificity of PL can be an artifact of the limited spatial configurations in which the stimuli were trained . It may be that some effects touted as PL are actually due to subjects learning the spatial contexts of the experimental setup. Likewise, some effects thought to be CL could be due to improved sensitivities of the elements being trained.
Without examining these learning effects together, it is difficult to accurately understand what in fact subjects have learned. Here, we begin to address these issues through the investigation of these two well-established types of visual implicit learning that are phenomenologically distinct, believed to occur at different stages of visual processing and to be subserved by plasticity in different brain areas.
For CL, we chose to adapt the paradigm of contextual cuing (Chun, 2000) . In the contextual cuing paradigm, subjects perform a visual search (for example, finding a T among a set of Ls) in which the spatial locations of the distracting elements are repeated for some of the trials and novel distractor locations are chosen for other trials. Previous research has found that, with just a handful repeats of a given spatial context, search response times for these Repeated contexts are faster than those for Novel contexts that are made up of newly generated distractor locations (Chun & Jiang, 1998) . These same studies have demonstrated that when subjects are asked to perform a forced choice between Novel and Repeated contexts they are unable identify which contexts were repeated, a demonstration that this learning is implicit. Furthermore, Jiang, Song, and Rigas (2005) showed that response time benefits for these Repeated contexts can last for weeks or more and that, in addition to the improved search times for the Repeated over the Novel search displays, response times improve across conditions over the course of the experimental sessions. These overall improvements in search times for both novel and repeated contexts may be an indication of PL and provides our motivation to better understand how PL may form in relation to CL.
For PL, we examined orientation-specific learning resulting from training on a visual search task (Ahissar & Hochstein, 2004) . This PL paradigm is particularly appropriate to study in conjunction with CL because it employs the same type of visual search task (as used for contextual cuing) and may account for some of the across condition effects found in the above-mentioned studies of CL. The key difference between studies of PL and CL is that PL is typically operationalized by the degree to which performance benefits are specific to the features of the training stimuli. This specificity can be assessed by testing subject's performance, after training, on search arrays that include features different from those used during training.
We thus designed a novel visual search task that manipulated both CL and PL within the confines of the same task. To evaluate PL, subjects were trained on specific target and distractors orientations during successive days, and at the end, a test session was run to compare the performance on Trained (orientations experienced during the training sessions) vs. Untrained (orientations only used during the test sessions) target and distractor orientations. To evaluate CL, performance on Repeated (configurations with fixed locations of the target and the distractors) vs. Novel (matched location of the targets to one Repeated context to control for target eccentricity effect) contexts was investigated. An important aspect of this design is that while the spatial locations of the target and distractor stimuli were fixed for a given Repeated context display, the orientations of these stimuli were tested using both the Trained and Untrained orientation sets. This allowed us not only to examine both effects of PL and CL but also to address possible interactions between the two.
Throughout this manuscript, we use the term "Trained" to refer to the orientations used during training and "Untrained" to refer the orientations not used during training. Likewise, the term "Repeated" refers to the spatial configurations of target and distractor locations that are repeated more than once during training (even though the orientations of these are sometimes altered) and "Novel" to refer to a spatial configuration that has not been seen before (i.e., differs in one or more distractor locations from a previously presented configuration).
Experiment 1 Methodology

Subjects
Ten subjects (five females and five males; age range = 20-28 years; mean = 22.75 years, SD = 3.41 years) had normal or corrected-to-normal vision and were paid between /8 and /13 per hour, based on their performance. Subjects provided informed consent at the beginning of the experiment and experimental conditions conformed to the guidelines of the University of California, Riverside Human Research Review Board.
Materials
An Apple Mac Mini running Matlab (Mathworks, Natick, MA) and Psychtoolbox Version 3 (Brainard, 1997; Pelli, 1997) was used for stimulus generation and experiment control. Subjects sat on a height adjustable chair at 50-55 inches from a 24W Sony Trinitron CRT monitor (resolution: 1600 * 1200 at 100 Hz). Gaze position on the screen was tracked with the use of an eye tracker (EyeLink 1000, SR Research).
Task and stimuli
Subjects were required to perform a visual search task. The stimuli were white (95 cd/m 2 ) or black (5.5 cd/m 2 ) lines (0.1-Â 1-) presented on a gray (40 cd/m 2 ) background. Subjects were trained to find a target with an orientation (45-( Figure 1A or 1C) or 135-( Figure 1B) , counterbalanced across subjects) among a set of distractors (ranging from 316-to 44-( Figure 1A or 1B) or 46-to 134-( Figure 1C ), counterbalanced across subjects) and report whether the target was white or black (randomized across trials). The distractor range (an orientation wedge centered on 0-or 90-) was determined with a staircase procedure (see below for description) such that the closest distractor orientation of the wedge was adaptively moved as close to the target orientation as the participant could tolerate and perform well. For a given trial, the range of distractor orientations was chosen uniformly across the extent of the wedge such that there was always one distractor orientation present at the threshold value. During the testing session, subjects ran the same task but with both possible target and distractor orientations in the 4 possible combinations.
The spatial locations of targets and distractors were presented on a grid ( Figure 1D ) such that the eccentricity (2.5-, 4.5-, and 7-) and placement in the left/right and upper/lower visual quadrants were balanced across Repeated and Novel contexts. Each line could be presented in one of 9 locations (3 at each eccentricity) in each quadrant and 3 lines were presented in each visual quadrant for a set size of 12 search items. To manipulate context, we pre-calculated all possible configurations of the 12 items within the grid given the above constraints. To prevent the occurrence of displays where all items were presented at the same eccentricity, we added the further constraint that all displays contained at least 3 items in each eccentricity. From this set of possible search displays, some contexts were selected to be Repeated on each day (the target location of each of these contexts was fixed for each subject) and others selected for use as Novel displays.
Design and procedure
The experiment was divided in different phases (Figure 2A ). In the Familiarization phase (session 1), subjects were instructed on the task and ran 20 practice trials.
In the Training phase (sessions 2 to 10), subjects were trained on the visual search task. Each session consisted of 1,000 trials that were split into eight blocks with a short break between blocks. The entire session lasted approximately 1 h. The general procedure for the training is shown in Figure 3 . A gaze contingent display was utilized such that the subject had to fixate a centrally presented red dot for 500 ms in order for each trial to begin. The search display was presented to the subject for 200 ms followed by a gray screen and then he had 5000 ms to indicate the color of the target with a key press ("1" for white or "2" for black). The trial was determined to be invalid if an eye movement was made while the search display was on the screen, no response was given, or a key other than "1" or "2" was pressed. Invalid trials were rare with a mean of Experimental timeline: The experiment was divided in different phases. During session 1, subjects were familiarized with the task. In sessions 2-10, they were trained on the visual search task (see Figure 3 ) with particular target and distractor orientations and with some Repeated contexts. After training phase, subjects were tested with different target and distractor orientations. The same day, an explicit recognition test (2IFC) was performed to test for explicit learning of the Repeated contexts (see Figure 4 ).
99.3% and standard deviation of 1.4% of trials being valid across all subjects and sessions and with the worst performance of any session having 94% valid trials. No feedback was given to the subject except during the 20 practice trials given at the beginning of each session.
The session was organized into miniblocks that contained each possible Repeated context and a set of Novel contexts with matched target eccentricities. After each miniblock, the orientation range of the distractors was adjusted with a staircase procedure such that the distractor range was increased if average performance of the previous block was greater than 80% correct or the range was decreased if the previous block performance was lower than 70% correct. The value for the new block was set to the current threshold value (orientation difference of target and closest distractor) multiplied by the difference between the proportion correct for that block and 0.75. This procedure was based on pilot experiments that found stable threshold estimates and asymptotes using this procedure with the present task and stimuli. Key to this procedure is that performance was averaged across both the Novel and Repeated configurations when calculating these thresholds. This ensured a relatively constant level of performance during training and ensured that the distractor range was always matched between Repeated and Novel contexts. However, since the threshold was calculated based on the average performance between the Novel and Repeated contexts, accuracy differences between them could still be measured. Threshold values reported in the manuscript represent the performance in the final 10 blocks of a given session data for each subject and each session was visually inspected to ensure that these values were stable and represented valid threshold estimates. Furthermore, across all subjects and sessions, we find that the standard deviation of the threshold estimates over the last 10 blocks of each training session was 0.56 degree, which is small in magnitude compared to the changes in thresholds under consideration in this paper.
In the Test phase (session 11), subjects conducted the same task but also with Untrained target and distractor orientations. In this session, each combination of Trained/ Untrained target orientation and Trained/Untrained distractor set orientation was run in separate interleaved blocks. For these tests, a separate staircase (blockwise procedure identical to that used during training) was run on each of the four orientation conditions, however, also based on the average of the performance on Novel and Repeated configurations.
After performing the test sessions, subjects performed an explicit recognition test to assess whether they could identify the learned Repeated contexts. The purpose of this test was to examine whether previous findings that CL is implicit were replicated in our procedure. This was a particular concern given the fact that our Repeated contexts were repeated many times across multiple sessions, which could lead to subjects gaining explicit knowledge of these contexts. A two-interval forced choice (2IFC) procedure was used where two search displays were presented successively ( Figure 4 ) and the subject indicated which display was more familiar. In some trials, one stimulus was a Repeated context, while in others both were Novel.
Results
Data from the training sessions showed significant effects of both Perceptual Learning (PL) and Contextual Learning (CL). PL can be seen in Figure 5A in that the smallest orientation difference that subjects could discriminate decreased from 13-T 1.8-to 7.1-T 1.1-across sessions (effect of the day (D): F(8,9) = 3.2, p = 0.0034; ANOVA), and the reaction time decreased from 875.8 ms T 31.5 ms to 691.8 ms T 23.2 ms (D: F(8,9) = 9.164, p G 0001; ANOVA). Given that these thresholds and reaction times were based on the average performance across Repeated and Novel contexts, we were able to examine accuracy differences between these context types in addition to differences in reaction times. CL can be seen in Figures 5B and 5C , showing that accuracy (effect of the context (CL): F(1,9) = 4.84, p = 0.0001; ANOVA) and reaction times (CL: F(1,9) = 50.14, p = 0.0001; ANOVA) were better for the Repeated compared to the Novel contexts.
A notable issue is that there were only nominal increases in CL between the first and last training sessions with the difference in performance between Novel and Repeated contexts showing only a tendency on the first training day (reaction time: p = 0.076; accuracy: p = 0.069; paired t tests) but was significant by the last day (reaction time: p = 0.0004; accuracy: p = 0.0022; paired t tests). However, there were no interactions with training day (F(8,72) = 0.48, p = 0.87 and F(8,72) = 0.91, p = 0.51 for accuracy and reaction time, respectively), suggesting that the effects of CL arose rapidly. A consideration is that our design, using a staircase to increase difficulty within the session, resulted in overall accuracy dropping from 100% in the first block to È70% in the final block and RTs growing from È500 ms to È800 ms. These large changes in performance prevented us from seeing the time course of CL within the first session. However, a fast time course of CL is typical with effects often arising within the first few trials of a session (Chun & Jiang, 1998) .
To better understand the development of contextual learning in this experiment, we compared the difference of reaction times for the Repeated vs. Novel contexts on the first 5 presentations of each context in each training session (see Figure 5D) ; typically, CL takes 5 or more trials before it can be clearly observed (Chun & Jiang, 1998) . Here, we found no significant contextual effects at the beginning of the first, second, and third days (CL on Day 1: p = 0.5338; CL on Day 2: p = 0.9754; CL on Day 3: p = 0.1555; paired t tests), but we found significant or near significant differences on the other days (CL on Day 4: p = 0.0043; CL on Day 5: p = 0.0306; CL on Day 6: p = 0.0585; CL on Day 7: p = 0.0222; except CL on Day 8: p = 0.3326 and on Day 9: p = 0.1244; paired t tests). Of note, accuracy was close to ceiling (see Supplemental Figure 1A ) in these trials because the orientation difference between targets and distractors was substantially above threshold. Previous research has shown that CL is most evident in reaction times when accuracy is high (Chun & Jiang, 1998) . While these results are not conclusive (and are more so in Experiment 2), they suggest that subjects did learn the contexts during the course of our experiment.
While training data demonstrate that PL and CL can arise within the same task, the design of the training sessions was not sensitive to possible interactions between these types of learning. The testing sessions were designed to assess the specificity of learning and the extent to which different aspects of learning interacted. To accomplish this, separate staircases were run for each combination of Trained and Untrained target and distractor conditions (thresholds plotted in Figure 6A) ; notably, these thresholds were still based on the average performance of Novel and Repeated configurations. We found that thresholds were smaller for the Trained target than the Untrained target (effect of the target (T): F(1,9) = 9.64, p = 0.013; ANOVA) as well as for the Trained distractors compared to the Untrained distractors (effect of the distractor (d): F(1,9) = 10.95, p = 0.0091; ANOVA). Surprisingly, we found no interaction between those factors (T Â d: F(1,9) = 0.002, p = 0.96; ANOVA). These data suggest that PL shows independent benefits for the orientations of the target and distractor elements.
Importantly, the Repeated configurations were tested both using the Trained and Untrained orientation sets (thus, context only specifies the spatial locations of target and distractors, not the orientations of these stimuli). This allowed us to address possible interactions between CL and PL by examining accuracy ( Figure 6B ; staircases allowed performance to range from 70% to 80%) and reaction times ( Figure 6C ) for the Trained and Untrained orientations in Repeated and Novel contexts (see Table 1 ). As a measure of CL, we found that subjects responded more quickly (CL: F(1,9) = 15.90, p = 0.0032; ANOVA) and more accurately (CL: F(1,9) = 26.36, p = 0.0006; ANOVA) for the Repeated contexts compared to Novel ones. PL for target orientations can also be seen in subjects' faster reaction times (T: F(1,9) = 14.87, p = 0.0039; ANOVA) and higher accuracy (F(1,9) = 6.50, p = 0.031; ANOVA) for the Trained as compared to the Untrained target orientation. Likewise, PL for the distractor orientations can be seen in faster reaction times (d: F(1,9) = 17.60, p = 0.0023; ANOVA) and higher accuracy (d: F(1,9) = 15.38, p = 0.0035; ANOVA) for the Trained distractors as compared to the Untrained ones. However, we failed to find any interaction between the CL (CL), PL for targets (T), and PL for distractors (d) in either measures of reaction time (CL Â T: F(1,9) = 1.63, p = 0.23; CL Â d: F(1,9) = 1.085, p = 0.32; T Â d: F(1,9) = 0.36, p = 0.56; ANOVA) or for accuracy (CL Â T: F(1,9) = 2.36, p = 0.16; CL Â d: F(1,9) = 3.29, p = 0.10; T Â d: F(1,9) = 1.056, p = 0.33; ANOVA). These results show a triple dissociation between CL, PL for targets, and PL for distractors; PL for targets transfers to Novel contexts and distractor conditions, PL for distractors transfers to Untrained targets and Novel contexts, and CL transfers to Untrained target and distractor orientations.
These data provide evidence that separate processes may subserve each of these learning effects.
The explicit recognition test was run to see if we would replicate previous findings that CL is implicit (Chun & Jiang, 1998) . We were especially interested in determining if the prolonged training on each context (40 presentations per day for 10 days) would enable subjects to develop explicit knowledge and be aware of these Repeated items. However, we found no evidence that subjects were aware of the Repeated contexts (CL: p = 0.96 Novel vs. Repeated; paired t test; cf. Figure 7) . This demonstration that CL in our study was implicit helps substantiate our claim that the CL observed in the current study is similar to that found in previous research of contextual cuing (Chun & Jiang, 1998) .
While the above results clearly showed how PL evolved with training, our tracking of the development of the time course of CL was rather poor. To better address CL, we undertook another experiment where we made a number of improvements to the experimental design. To make the task more challenging, we reduced the stimulus duration to 100 ms and combined the distractor sets so that on a given trial distractors were oriented both clockwise and counterclockwise to the target. These changes were aimed to reduce pop-out for the target from among the distractors, which was a persistent problem at the beginning of each training session where the orientation differences between target and distractor were large. In addition, to improve the rhythm of the experiment, we changed the intertrial interval from 5 to 2 s so as to achieve a procedure more conducive to learning .
Experiment 2 Methodology
Subjects
Ten undergraduate students were recruited for this experiment (five females and five males; age range = 19-25 years; mean = 22.33 years, SD = 2.18 years) at the University of California, Riverside according to the same standards as described for Experiment 1.
Design and procedure
Procedures are the same as Experiment 1 except as noted. Subjects were trained to find a target with a specific orientation (45-or 135-, counterbalanced across subjects) among a set of distractors (ranging from 316-to 44-and 46-to 134-), but here, the distractors presented in a given trial were chosen both from the distractor sets ( Figure 1E ). In this experiment, the search display was presented to the participant for 100 ms followed by a gray screen, and then he had 2000 ms to indicate the color of the target with a key press ("1" for white or "2" for black).
As with Experiment 1, Experiment 2 was divided into 3 phases. Subjects had a familiarization phase (Day 1) followed by 8 days of training that started at least 24 h after familiarization. Each session followed the general procedure described above and they all started with 20 practice trials. Each training session consisted of 1,200 trials that were split into eight blocks with a short break between blocks; the entire session lasted approximately 1 h. In Experiment 2, each miniblock consisted of 24 trials (12 Repeated contexts and 12 Novel contexts). Finally, the test session lasted approximately 1 h where subjects' performance was assessed with Trained and Untrained target orientations and Repeated and Novel contexts. For these tests, we used a fixed orientation difference between target and distractors of 15-, which corresponded closely to the final threshold value found in the test sessions.
Results
Data from the training sessions showed a significant effect of Perceptual Learning. This learning can be seen in Figure 5E where the smallest orientation difference that subjects could discriminate decreased from 31.2-T 0.6-to 14.3-T 2.0-(D: F(7,8) = 3.29, p = 0.0053; ANOVA) across sessions as the reaction time ( Figure 5G ) decreased from 811.4 ms T 25.3 ms to 730.8 ms T 17.7 ms (D: F(7,9) = 7.38, p G 0.0001; ANOVA). The evolution of the performance shows that the subjects became more and more efficient in the task as the training progressed.
Data from the training also indicated CL with accuracy (CL: F(1,9) = 4.84, p = 0.0001, ANOVA; Figure 5F ) and reaction times (CL: F(1,9) = 50.14, p = 0.0001, ANOVA; Figure 5G ) were significantly better for the Repeated compared to the Novel contexts. Most importantly, for both accuracy and reaction times, we found an interaction between the Context and the Day (accuracy, CL Â D: p = 0.0001; reaction times, CL Â D: p = 0.0006; ANOVA). These results show clearly that CL increased from the first to the last training sessions.
To address whether these results were due to contexts being newly learned in each session or CL building up across sessions, we compared the difference of reaction times for the Repeated vs. Novel contexts on the first presentation on each day of each of the 12 Repeated and 12 Novel contexts for each session of the 8 days of training. As indicated in Figure 5H , the first day, the analysis did not show any significant difference between the Repeated compared to the Novel contexts (CL on Day 1: p = 0.73; paired t tests), which was expected because subjects never saw any of those contexts before. On the contrary, for the rest of the training days, this difference was significant (CL on Day 2: p = 0.017; Day 3: 0.0062; Day 5: p = 0.023; Day 6: p = 0.0252; Day 7: p = 0.022; Day 8: p = 0.011; paired t tests) or showed a tendency (Training Day 4: p = 0.10; paired t tests) for faster responses to Repeated than Novel contexts. Again, accuracy was close to ceiling (see Supplemental Figure 1B ) at the beginning of each session. These results show clearly that the effects of CL was not present during the first block of the first session but arose through training and this learning was maintained across sessions.
The testing sessions were designed to assess the specificity of learning with the Trained and Untrained target orientations and the Repeated and Novel contexts. Like in Experiment 1, improved accuracy (T: F(1,9) = 12.302, p = 0.0066; ANOVA; Figure 6D ) and faster responses (T: F(1,9) = 16.984, p = 0.0026; ANOVA; Figure 6E ) for Trained compared to Untrained target orientations indicate PL. Likewise, we found CL where accuracy (CL: F(1,9) = 11.038, p = 0.0089; ANOVA; Figure 6D ) and reaction times (CL: F(1,9) = 3.590, p = 0.090; ANOVA; Figure 6E ) were better with Repeated as compared to Novel contexts. Again, we did not find any interaction between the PL and CL in either measures of reaction time (CL Â T: F(1,9) = 0.050, p = 0.83; ANOVA) or for accuracy (CL Â T: F(1,9) = 1.26, p = 0.29; ANOVA). These results (see Table 2 ) confirm the results of CL and PL found in Experiment 1 and support that there is a dissociation between CL and PL; PL transfers to Novel contexts and CL transfers to Novel targets.
Discussion
In the present study, we explored two distinct types of visual implicit learning, Perceptual Learning (PL) and Contextual Learning (CL). We find that it is possible and useful to examine CL and PL as they developed together within the confines of the same task. For CL, we found that subjects were faster and more accurate responding to the Repeated contexts, even though they did not have conscious access to this knowledge of the Repeated contexts. This CL transferred to the Untrained target and distractors. For PL, we found that learning was specific both to the Trained target and distractor orientations but transferred to the different contexts. Most interestingly, we found that performance measures between CL, PL for targets, and PL for distractors were independent, supporting a triple dissociation between these three aspects of learning.
These data provide the first direct experimental dissociation between CL and PL and support the idea that they might be processed by different neural systems. CL is typically characterized as being "high level" by reason that it is fast (requiring only a handful of trials to manifest) and occurs in relation to the global configuration of a scene, which requires processing higher order visual features and integration of information across relatively large regions of visual space (Olson, Chun, & Allison, 2001) . EEG studies of CL indicate that it affects relatively late ERP potentials 9200 ms after stimulus presentation, which are thought to be related to attentional mechanisms (Chun & Jiang, 1998; Schankin & Schubo, 2009 ). While there have been few studies that address the locus of CL in the brain, there is some evidence that the parahippocampal place area (PPA) is involved in learning of context (Aminoff, Gronau, & Bar, 2007) . Our results in the training session or the test session indicated that the Repeated contexts consistently elicit better performance than the Novel ones, independently of the fact that the target or the distractor orientations were Trained or Untrained. Results of other studies also find that CL can transfer across stimulus attributes (Jiang & Wagner, 2004) . However, in previous studies of CL, the goal was to rule out contributions of stimulus-specific learning rather than to understand interactions between CL and PL.
A concern regarding Experiment 1 was that there was a lack of significant interactions between CL and training day, in both accuracy and RT, whereas in Experiment 2 those interactions were significant. This lack of interaction in Experiment 1 is at least partially due to the fast acquisition of CL, which can form in as little as five repetitions of a context (Chun & Jiang, 1998) . This combined with our use of staircases within sessions, which led to dramatic changes of accuracy and reaction time within each session, masked our ability to properly describe the time course of CL in Experiment 1. Another concern is that with the target being at the extreme of the distractor range it may have been prone to pop-out. These difficulties were ameliorated in Experiment 2, where we increased the task demands (by broadening the distribution of distractor orientations to both sides of the target and reducing stimulus presentation time) and improved the task flow (by reducing the intertrial interval). As a result of these modifications, in Experiment 2, we were able to demonstrate a clear interaction between CL and training day for both accuracy and RT. Furthermore, Experiment 2 clearly shows that CL benefits can be found from the beginning of later training sessions and thus are not entirely acquired anew on subsequent training days.
It is important to point out that our present findings are not a demonstration that context plays no role in PL. For example, the presence of spatial flankers (Adini, Sagi, & Tsodyks, 2002) or auditory stimuli (Kim, Seitz, & Shams, 2008; Seitz, Kim, & Shams, 2006) has been shown to facilitate perceptual learning . In these cases, the presence of context during training provide additional information that may serve to reduce uncertainty, such as from factors like roving (Adini, Wilkonsky, Haspel, Tsodyks, & Sagi, 2004; Yu, Klein, & Levi, 2004) , and promote learning (Seitz & Dinse, 2007) . Other studies invoke context to explain lack of transfer between different stimulus conditions. For example, Crist, Kapadia, Westheimer, and Gilbert (1997) described the lack of transfer between Vernier and bisection hyperacuity tasks as a context-specific effect of learning. While these studies demonstrate that some forms of context play a role in learning, they do not address how learning of context relates to perceptual learning. While we cannot rule out that other aspects CL do interact with PL, to date a clear interaction has not been established.
Our finding that PL is specific to the orientation of the target replicates a number of similar studies showing that PL of visual search is specific to the features of the trained search task (Ahissar & Hochstein, 1993 . Furthermore, this learning is similar to that found in the texture discrimination task of Karni and Sagi (1991) , which is similarly composed of an oriented target among differently oriented background stimuli. Generally, it fits well within the literature showing that perceptual learning can be highly specific to a wide range of trained stimulus features including retinotopic location (Crist et al., 1997; Watanabe et al., 2002) , visual orientation (Fiorentini & Berardi, 1980; Schoups, Vogels, Qian, & Orban, 2001) , and direction (Ball & Sekuler, 1981; Seitz & Watanabe, 2003) , among others. Neuroscientific studies give direct evidence of sensory plasticity across the visual hierarchy through single-unit recording in monkeys (Li, PadoaSchioppa, & Bizzi, 2001; Schoups et al., 2001; Yang & Maunsell, 2004; Zohary, Celebrini, Britten, & Newsome, 1994) and fMRI signal changes in humans (Furmanski, Schluppeck, & Engel, 2004; Schwartz, Maquet, & Frith, 2002; Vaina, Belliveau, des Roziers, & Zeffiro, 1998) . While the exact locus of visual plasticity in a given study is often an issue of significant controversy, as a whole, these studies give an indication that plasticity is likely occurring at all stages of processing with a distribution that varies across tasks and training paradigms (Ahissar & Hochstein, 2004) . Our present results provide additional evidence regarding the specificity of PL, and the demonstration of dissociable learning for targets, distractors, and context provides a framework for understanding the different contributions to learning that may be made by different stages of processing to learning. As expected, subjects performed best when presented with both the Trained target and the Trained distractors and the worst performance when both target and distractors were Untrained. These results confirm previous research showing that prolonged visual experience facilitates processing of both target and distractor items during visual search (Mruczek & Sheinberg, 2005; Sireteanu & Rettenbach, 1995) . In addition, when only the Trained target is present, performance was worse than when only the Trained distractors were present, as shown in significantly faster reaction times (F(1,9) = 5.9, p = 0.038; ANOVA), which is supported by close to significant lower thresholds (T(9) = 2.2, p = 0.058; paired t test) and higher accuracy (F(1,9) = 3.0, p = 0.12; ANOVA) for the UT/TD compared to the TT/UD conditions shown in Figure 6 . Thus, subjects gain greater benefit from improved sensitivity for the distractor orientation than for the target orientation. This result is consistent across measures of threshold, accuracy, and reaction time. To understand this difference and more particularly the direction of this difference, we may consider the fact that the target occupies a very small space in the visual field and thus will stimulate a relatively small number of visual neurons. Furthermore, perceptual learning of the target may have occurred, at least partially, separately at different target locations. On the contrary, distractors are present across most of the visual field and stimulate a greater number of visual neurons. Thus, this greater learning for distractors is sensible from the perspective of the size of the neural population stimulated by these stimuli, even if it runs counter to the idea that the greatest learning should be for the object that is the focus of attention.
The learning of both targets and distractors in the visual search is consistent with previous research of visual search that had demonstrated that automaticity search relies on consistent mappings of targets and distractors (Schneider & Shiffrin, 1977) . For example, Mruczek and Sheinberg (2005) found that extended practice with target and distractor sets led to superior performance for the experienced targets and distractors over searches including unfamiliar targets or distractors. In addition, Wang, Cavanagh, and Green (1994) showed that unfamiliar target among familiar distractors produced faster searches than familiar target among unfamiliar distractors. These studies used shapes and letters, which may be discrete objects and may be processed at different visual stages than the fine orientation discrimination task that we employed. Furthermore, these previous studies did not address the relationship between learning of the search elements (PL) and learning of the search configuration (CL), which was the target of the current investigation.
While the subject's task was to find a specific target in the visual search array, it appears that subjects also acquired enhanced representations of the distractor orientations and used this to better discriminate them from the target. A possible explanation of how the processing of distractors in early trials impacts performance in later trials comes from the literature on negative priming (Tipper, 1985) . Negative priming is an attentional phenomenon that results in slower or less accurate responses compared to responses on a control trial when a previously ignored stimulus (distractor) must later be attended to. An account for negative priming is that the internal representation of the ignored item is suppressed below its baseline activation level at the second presentation and that the slower responses are due to the time that it takes for the inhibition to release (Tipper & Cranston, 1985) . As the Repeated context in the present study provided for improved performance based on the presence of the distractors, it does not seem that an inhibitory mechanism can explain the results. An alternative explanation for slowed responses in the negative priming phenomenon is an episodic retrieval account that proposes that associations are made between stimuli and their responses (Neill, Valdes, Terry, & Gorfein, 1992) . According to this account, when a target stimulus appears, it signals the retrieval of prior instances from memory that involve the same stimulus and contain information about the response that was executed. This better distractor encoding leads more readily to a do not respond tag during retrieval, thus producing greater negative priming than for an episode without interference. In the present study, it seems that the enhanced representations of the distractor orientations occurred through retrieval of the distractors and their attentional responses as instances to assist in responding to the present target and/or to not respond to the distractors. Further research will be necessary to clarify these processes and to understand their relationship to perceptual learning.
Conclusion
The goal of our study was to investigate how fragmented approaches to learning can be unified to achieve a more holistic understanding of learning. We approached this general problem with a study of how Contextual and Perceptual Learning can be investigated as they form within the same task. We suggest that the present study provides a framework through which still other types of learning can be identified and characterized. For example, low-level perceptual learning, contextual cuing, statistical learning, categorical learning, reinforcement learning, long-term adaptation, priming, etc., are all forms of implicit sensory learning that are often discussed without relation to each other and are studied by researchers of different specialties. We hope that future research can expand upon the work discussed here to understand the types of information that are acquired as we learn these perceptual tasks and to what extent learning types are subserved by different learning rules and brain structures.
